Abstract An observation product for thin sea ice thickness (SMOS-Ice) 1 is derived from the brightness temperature data of the European Space 2 Agency's (ESA) Soil Moisture and Ocean Salinity (SMOS) Mission, and is 3 available in real-time at daily frequency during the cold season. In this 4 study, we investigate the benefit of assimilating SMOS-Ice into the 5 TOPAZ system. TOPAZ is a coupled ocean-sea ice forecast system that 6 assimilates SST, altimetry data, temperature and salinity profiles, ice 7 concentration, and ice drift with the Ensemble Kalman Filter (EnKF). The 8 conditions for assimilation of sea ice thickness thinner than 0.4 m are 9 favorable, as observations are reliable below this threshold and their 10 probability distribution is comparable to that of the model. Two parallel 11 runs of TOPAZ have been performed respectively in March and 12
Introduction
hampered by the sparseness and the diversity of observational network. 8
The reanalysis database that combines the sparse observations with 9 dynamically consistent models is becoming an important tool. 10
While observations of sea ice concentrations have been available for the 11 past 30 years, observations of sea ice thickness are comparatively 12
sparse. An improved knowledge of the ice thickness would be greatly 13 beneficial both for model developments and for improving the accuracy of 14 operational ocean forecasting system. The initialization of sea-ice 15 thickness is also expected to improve predictability on seasonal time The TOPAZ system is a coupled ocean-sea ice data assimilation system 25 that focuses on the marine environment in the Arctic region. It is the 26 operational Arctic forecast system in the Copernicus Marine Services 27 (http://marine.copernicus.eu/). The system provides 10-days coupled 28 physical-biogeochemical forecast every day and long-term reanalysis 29 
2.
Descriptions of TOPAZ data assimilation system 28
2.1
The coupled ice-ocean model 29 30
The ocean general circulation model used in the TOPAZ system is the 31 
Implementation of the EnKF in TOPAZ 17 18
The analysis field at time t with the standard EnKF, is expressed as 19 follows: 20
. 21
where x is the model state vector, the superscripts "a" and "f" refer to the 22 analysis and the forecast respectively. The ensemble consists of 100 23 dynamical members. H is the observation operator and y is the 24 observation vector, which includes all observations at the assimilation 25 time window. The term innovation refers to the misfits between the 26 observations and the model: i.e. the term in bracket in equation (1). The 27
Kalman gain K in Equation (1) is calculated as: 28
Where R is the matrix of observation error variance, and P f is the matrix 30 of background error covariance, calculated as P= (1/N-1)*AA T where N is 31 the number of ensemble members, the superscript T denotes a matrix 32 transpose, and A is the ensemble of anomaly which can be calculated as: overestimates the analysed error covariance by adding a semi-definite 7 positive term to the theoretical error covariance given by the Kalman filter, 8 which mitigates the need for inflation (Sakov and Oke, 2008) . The 9 ensemble mean is updated by the equation: 10
and the ensemble anomaly is calculated as follows: 12
Finally, the element states of the ensemble are reconstructed by adding 14 the two terms as follows: 15
where X a represents the matrix of the updated model states after data 17
assimilation. 18
An overview of the observations assimilated in the present TOPAZ 19 system is given in The sea ice thickness of TOPAZ is extracted from the model state on 10 daily average, and then compared with the observations by calculating 11 the bias and the Root Mean Square Difference (RMSD) as follows: 12
where ! ! is the daily averaged model state that is compared to the 15 observation at the same location and time, H is the observation operator 16 similar with that in the equation (1), and n is the number of available 17 observations in the compared time period. 18 an additive variable suited for spatial interpolation: 22
where y smos is the observed thickness of thin sea ice from SMOS-Ice, H is 24 the same interpolation as in equation (1) 
Error analysis in the OSE runs 14
The error analysis focuses on the following target quantities: sea ice 15 thickness, sea ice concentration, SST and SLA. All quantities are derived 16 from daily averages at same observation locations and time, and the 17 calculation of the bias and the RMSD is according to equations (4) and 18 In the Kara Sea, the thickness observed in March is very stable with a 20 slight gradual increase. There is a relatively uniform reduction of RMSD 21 by about 21%, which is mainly the result from a correction of the large 22 (too thick) bias in the model. In November, the bias is much smaller and 23 the resulting improvement is smaller (8%) but the performances are 24 slightly improving through the month for RMSD. 25
In the Barents Sea, in March, the observations show an increasing trend. 26
The official run shows initially a large (thick) bias that reduces as the 27 thickness increases in the observations. Assimilation of SMOS-Ice data 28 reduces well the initial bias, but the bias converges towards the official 29 run at the end of the month and so is the RMSD. On average, the RMSD 30 of ice thickness is decreased about 27% from the Test Run. In November, 31 the observations show large variability that is well captured in the Officialfrom the Test Run compared to from the Official Run and both the bias 1 and the variability seem to be reduced. 2
In the Beaufort Sea, there are too few observations to provide a 3 representative estimate of the system performance in March (top panels 4 of Fig. 4) 
5.
Relative impact of SMOS-ice to the existing 1 observation network 2 In this Section, the additional benefit of assimilating SMOS-Ice into the 3 TOPAZ system is compared quantitatively with respect to the standard 4 observation network. To do so, we evaluate a performance metric 5 calculated during the analysis, the Degree of Freedom for Signal (DFS), 6 which is widely used for such purposes (Rodgers 2000; Cardinali et al. 7
2004). During the assimilation, one can calculate the DFS as follows: 8
. 9
Here, the matrix K and the observation operator H are the same as in 10 equation (1), and tr defines the trace, applied to the matrix (KH). The DFS 11 measures the reduction of mode that can be attributed to each 12 observation type. A value of DFS close to 0 means that the observation 13 has no impact, while a value of m means that the assimilation has 14 reduced the number of degree of freedom of the ensemble by m. Note 15 that the reduction cannot exceed the ensemble size; i.e. 100 here. In 16
Sakov et al. (2012), it was recommended that the DFS should not exceed 17

% of the ensemble size to avoid a collapse of the ensemble. 18
After each data assimilation time i, the DFS of the j'th type of 19 observations can be calculated by equation (7), denoted DFS ij . Given an 20 observation type, the averaged DFS over a specific time period can be 21 estimated by: 22 Furthermore, based on the sum of the DFS of all observation types 1 assimilated in TOPAZ, we can estimate the relative impact the j'th type of 2 observations (RDFS j ): 3
where O is total number of observation types. Figures 9 and 10 show the 5 relative contribution of each observational data set. As expected, the 6 assimilation of ice concentration dominates the total DFS, while the 7 impacts of SST and SLA are limited to the region that are not ice covered. 
SMOS-ice data has a significant impacts (> 20 % of the total DFS) in the 13
Northern Barents Sea, the Western Kara Sea, Baffin Bay, the Greenland 14 Sea and in Hudson Bay. In November, the relative contribution is still 15 large in the Barents Sea, the Kara Seas and in the Greenland Sea, but it 16 is now also large in the Beaufort Sea and in the Canadian Archipelago. (2014) we also find that there is a slight improvement to the ice 4 concentration. The RMSDs for SST and SLA remain unchanged but they 5 are at least not degraded. 6
In this study, the DFS has been used to evaluate the relative 7 contributions of assimilated observations to the reduction of error in the 8 TOPAZ system. The SMOS-Ice data have a smaller impact than ice 9 concentration, but a relatively high contribution in some areas. In the 10
Greenland Sea, the Kara Sea and the Barents Sea, a significant 11 contribution (defined as larger than 20 % of the total impact from all 12 observations) is found both in March and November. In Baffin Bay and 13
Hudson Bay, significant contributions are also found in March. In 14
November, there is a large contribution in the Beaufort Sea and in the 15
Canadian archipelago. 16
To conclude, we found that the assimilation of SMOS-ice can reduce the In the future, we may use the "saturation ratio" that is defined by the 29 relationship of the variable L-band penetration depth and the maximal 30 retrieval thickness as a function of temperature and salinity with which we 31 can better identify the valid observations of sea ice thickness from SMOS. 32
In addition, the satellite CryoSat2 provides freeboard height data in thick2010). The new sea ice thicknesses derived from a combination of SMOS 1 and CryoSat2 will be soon available (Kaleschke et al., 2015). Incidentally, 2 the U.S Navy Arctic Cap Nowcast/Forecast System (ACNFS) is currently 3 testing the assimilation of a combined sea ice thickness product where 4 the sea ice thickness is blended from SMOS-Ice and CryoSat2 based on 5 each satellite retrieval error (personal communication from David Hebert). 6
Where the ice is thin (typically less than 0.5 m), the relative error for 7 SMOS-Ice will be lower than CryoSat2, and the blending will be weighted 8 strongly toward the thickness value from SMOS-Ice. Where the ice is 9 thick, the error will be lower for CryoSat2 retrieval and the blending will be 10 strongly weighted toward the CryoSat2 ice thickness value. 11
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